The selection of a third-party logistics (3PL) provider is an important and demanding task for many companies and organizations dealing with distribution activities. To assist in decision making, this paper proposes the implementation of fuzzy logic. To design a fuzzy inference system (FIS), the first prerequisite is to determine a set of evaluation criteria and sub-criteria and to find the relationship between them. This task was solved by an extensive review of the literature and expert opinions on implementing the Fuzzy Analytic Hierarchy Process (AHP) approach. The results obtained in the first part of the research, together with data collected from 20 3PL providers, were further used in the second part, which was related to the implementation of the Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS) method. Finally, a decision-making tool for 3PL provider selection was designed as an FIS structure, where the inputs were the previously defined criteria and the output was a preference for 3PL selection. The fuzzy rules were generated on the basis of the collected empirical data, the preferences obtained by the TOPSIS method, and expert opinion using the Wang-Mendel method. The proposed fuzzy model is particularly suitable when input data are not crisp values but are provided descriptively through linguistic statements.
Introduction
In recent years, the field of logistics and supply chain management has grown in both complexity and popularity. Nowadays, freight transport companies are faced with a large number of challenges and obstacles in the process of transporting goods from point A to point B. In today's world of efficient production, companies choose a mode of transport that will bring the best value for business at the end of the process. To this end, a computer simulation method is often used [1] . In order to stay competitive, companies not only strive to provide high quality services, but also to reduce costs [2] . Many companies are trying to move away from own-account transportation, i.e., where a company provides its own transport services, to third-party transportation. In other words, they no longer perform many of their own logistics activities but use the principle of outsourcing. Outsourcing means that an organization hires an outside organization to provide goods or services that it traditionally provided by itself, because this third party is an "expert" at efficiently providing these goods or services, while the organization itself might not be so [3] .
This provides new opportunities for transport and logistics companies that are known as third-party logistics (3PL) service providers. By making the right decision about the logistics service provider, a company can greatly save cost and time and increase their competitive advantage in the market [4] . On the other hand, a wrong decision might not only affect the decision-making company, Sustainability 2019, 11, 4236 4 of 23 perceived quality [58] . Kabir selected quality, cost, and delivery time in order to solve the problem of 3PL provider selection [59] .
Weber et al. [60] established criteria with an aim to encourage the creation of a long-term partnership between the company and suppliers as well as to create the possibility of providing sources of supply for a longer period of time. They divided the criteria into those of great importance (net price, delivery, and quality) and those of little importance (production plants, geographical location, technical abilities, financial position, management and organization, reputation and position in the industry, and historical performance). Verma and Pullman conducted a study to analyze the supplier selection process [61] , in which customers select suppliers based on the relative importance of different attributes such as price, quality, flexibility, and delivery performance. Their research indicated that managers pay the most attention to quality, considering it the most important parameter of the supplier, followed by the delivery and price.
By analyzing the literature in the field of 3PL selection, it may be concluded that different evaluation criteria can be used; however, the intention of the authors of this paper was to design a model with the main features and the advantage of being easy to implement in practice. To achieve this, the numerous evaluation criteria should be reduced to a lower number. Accordingly, these criteria should be more general to cover a broader field of interest for 3PL selection. In this paper, this is performed by using the five criteria described in the next section. This number of criteria has been proven to be relevant [62] , and the concrete chosen criteria are the most frequently applied in the literature [63] .
The methodology proposed in this paper consists of three separate parts. After the implementation of a well-known Fuzzy AHP method and TOPSIS, a fuzzy inference system (FIS) that gives a preference for selection of a 3PL provider is proposed in the third part. A proposal of decision-making tool of this kind, which is based on empirical data, may be seen as the main contribution of the current paper. To generate the fuzzy rule database, which is the essence of FIS functioning, we use empirical data from 20 3PL providers as input values, and we use the preferences calculated by TOPSIS method as output values. The novelty of the study is its ranking of the 3PL service providers in the economic, safety, environmental, technological, and social dimensions, which is of crucial importance for the sustainability of the logistics industry and global society. This paper is organized as follows: Section 1 gives a general overview of the considered problem. In Section 2, a Fuzzy AHP approach is implemented to define the evaluation criteria for 3PL service provider selection and to estimate the influential relationship between them. Section 3 deals with the TOPSIS method for 3PL service provider selection which gives the basis for testing, as well as for the design of the fuzzy rule database of the FIS. The main contribution of this paper is found in Section 4, where a decision-making tool for 3PL service provider selection is modeled. Here, a fuzzy inference model is designed based on the empirical data collected by the authors. The proposed model is particularly suitable for implementation when there is no concrete numerical input data, but rather, the data are given descriptively, through linguistic statements. Finally, there are some concluding remarks.
General Setting of the Considered Problem
The model proposed in this paper is presented in three parts. The first part is the Fuzzy AHP methodology, which is used to estimate the influential relationships between the evaluation criteria, which are, according to expert opinion, essential for 3PL provider selection.
The criteria that were taken into consideration were price, delivery, safety, technology level, and social responsibility. The criteria were weighted, and the importance of each of them was determined. The second phase is a well-known TOPSIS method for 3PL provider selection based on the weighted criteria from the previous part. The authors selected 20 3PL service providers and performed their assessment, in this way collecting the inputs for the proposed model. Based on the obtained data, a FIS was developed for the purpose of obtaining a decision-making process for selecting the most 
A Fuzzy AHP Approach to Estimate the Influential Relationship between the Evaluation Criteria for 3PL Service Provider Selection
The Fuzzy AHP approach is an effective approach used by many researchers in various fields of science to assess the different criteria that interact with each other. In our case, we applied the methodology for the assessment of parameters that characterize the 3PL service providers such as price, delivery, safety, technology level, and social responsibility. First of all, it was necessary to define a problem. The parameters mentioned are of crucial importance for a company that is making a decision about selecting a 3PL service provider. The next step proposed by the model was the identification of parameters for an assessment. This was done by expert experience. Namely, 15 companies in the Czech Republic in the field of logistics and supply chain were visited, and the authors of this paper had discussions with more than 15 experts. Considering their point of view, it was decided by the authors to choose five criteria for the model, and each of those criteria included a certain number of sub-criteria. The next step in the proposed model was the estimation of parameters. This involved a pair-wise comparison of the criteria in order to determine their levels of importance. The same procedure was done with the sub-criteria. The pair-wise comparison was performed by the Fuzzy AHP matrix. This matrix represents a combination between the well-known Saaty's matrix for the evaluation of criteria and fuzzy logic which deals with linguistic terms and statements when there is no precise information about the observed system. At the end of this method, the obtained result was a ranking of the criteria and sub-criteria by their importance.
The Fuzzy AHP Methodology
The Analytic Hierarchy Process (AHP) is a multi-criteria analysis method. Yeh et al. emphasized that the multi-criteria analysis has been widely used to deal with decision problems including multiple criteria [64] . The Analytic Hierarchy Process was designed by Saaty in the 1980s [65] . This method uses a pair-wise comparison, through which the preference relations of the pairs of single 
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The Fuzzy AHP Methodology
The Analytic Hierarchy Process (AHP) is a multi-criteria analysis method. Yeh et al. emphasized that the multi-criteria analysis has been widely used to deal with decision problems including multiple criteria [64] . The Analytic Hierarchy Process was designed by Saaty in the 1980s [65] . This method uses a pair-wise comparison, through which the preference relations of the pairs of single criteria are detected. To determine the relevance of criteria and sub-criteria, Saaty formulated a scale from 1 to 9. The idea of this scale was to evaluate the level of importance of some criteria (sub-criteria) and compare them to one another. This may be seen as a prerequisite for making "good" decisions in a decision-making process. Each number on Saaty's scale is described by a specific linguistic statement. These statements facilitate the process of pair-wise comparison.
The existence of linguistic statements is a suitable ground for the implementation of fuzzy logic. The application of fuzzy set theory to multi-criteria analysis models provides an effective method for formulating a decision problem in a fuzzy environment, where the available information is subjective and imprecise [66] [67] [68] . Van Laarhoven and Pedrycz performed one of the first Fuzzy AHP applications. They defined the triangular membership functions for the pairwise comparison [69] . The following Fuzzy AHP approach was given in several steps, and it is presented throughout the remainder of the paper as a continuation of the paper.
Step 1: Formulation of Saaty's Fuzzy AHP scale with linguistic terms. In this step, the criteria and sub-criteria are compared based on the proposed linguistic statements presented in Table 1 . (7, 8, 9) According to the chosen linguistic term, a decision maker uses the corresponding fuzzy number. For example, if a decision maker states "Criterion 1 is strongly important compared with Criterion 2", then the fuzzy triangular scale is (6, 7, 8) . On the contrary, in the pairwise comparison matrix of the criteria, the comparison of Criterion 2 to Criterion 1 will have a fuzzy triangular scale of (1/8, 1/7, 1/6). The pairwise comparison of the criteria presented in the form of matrix is given in Equation (1):
where Z k ij indicates the k-th decision maker's preference of the i-th criterion over j-th criterion via fuzzy triangular numbers. Here, the sign "˜" indicates the triangular number demonstration. For example, Z 2 12 represents the second decision maker's preference of the first over the second criterion and is equal to Z 2 12 = (6,7,8). If there is more than one decision maker, the preferences of each decision maker ( Z k ij ) are averaged, and ( Z ij ) is calculated in the following way, given in Equation (2):
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Step 2: According to the averaged preferences, the pairwise contribution matrix is updated, as shown in Equation (3):
Step 3: In this step, it is necessary to find the geometric mean of the fuzzy comparison values. This is done in accordance with Buckley, as shown in Equation (4) [70] :
In this equation, t i still represents triangular values.
Step 4: The main task in this step is to find the fuzzy weights of each criterion. This is shown in Equation (5), which includes the following three sub-steps:
Step 4.1 Find the vector summation of each t i ;
Step 4.2 Find the (−1) power of summation vector. Replace the fuzzy triangular number to make it go in an increasing order;
Step 4.3 To find the fuzzy weight of criterion i ( W i ), it is necessary to multiply each t i with this reverse vector:
Step 5: Since W i values are still fuzzy triangular numbers, they need to be de-fuzzified, and we used the method of center of area for this purpose. This method is the most widely implemented [71] , such as in the paper by Chou and Chang, via applying Equation (6):
Step 6: The obtained M i values from Equation (6) is a non-fuzzy number; however, it needs to be normalized by following Equation (7):
These 6 steps are performed to find the normalized weights of both the criteria and the sub-criteria. Then, by multiplying each sub-criterion weight by the related criterion, the score for each sub-criterion is calculated. According to these results, the sub-criterion with the highest score is suggested to the decision maker.
The Influential Relationships between the Evaluation Criteria
A significant challenge that companies are facing when selecting an appropriate 3PL provider is comparing them according to certain criteria that contain a certain number of sub-criteria. The main task is to estimate the criteria and their sub-criteria (parameters) by importance, which is necessary to make the right decision when choosing a 3PL provider. In assessing the above-mentioned challenge, the authors of this paper consulted the experts in the field of logistics and supply chain, as mentioned above. A schematic view of the estimation parameters that we considered in this research is shown in Figure 2 .
Five criteria were taken into consideration according to expert opinion, which totally complies with the literature in the field. These five criteria include the price, delivery, safety, level of technology and social responsibility. When the price is mentioned, it is related to the cost of delivering the service [in eurocents] of a 3PL provider. The delivery criterion relates to the delivery time as well as the condition in which the commodity is delivered. Safety is a criterion that is generally expected to be very important for customers who are making decisions in the market. Two sub-criteria that can be included in the safety criterion are the rate of traffic accidents as well as the average age of the vehicles of the 3PL supplier. The next criterion to which it is also useful to pay attention to in the selection of the 3PL service provider is the technological level. This implies the extent to which a particular logistics provider follows the technological trends, which is of great importance due to high customer expectations. Two sub-criteria taken into consideration in terms of the level of technology are software support as well as modern transport equipment. The last criterion, which is of great importance not only in logistics but also in all spheres of business, is social responsibility. To assess the criterion of logistics providers, two sub-criteria are taken into consideration in the field of social responsibility. They are the level of air pollution and the level of noise generation. The model proposed in this paper takes all of the previously mentioned criteria and sub-criteria into consideration. The task is to evaluate and sort them according to their level of importance. The purpose of this is to facilitate the process of 3PL service provider selection based on the methodology proposed in this paper.
Application of the Fuzzy AHP Method
In this section, we demonstrate the applicability of the proposed Fuzzy AHP method. Here, this method is observed from the standpoint of the automotive company that produces spare parts and needs distribution; however, the procedure is general and can be implemented for any other case. The company needs to evaluate the criteria and sub-criteria, and it is illustrated in the following text.
Determining the Weights of the Criteria
To determine the criteria weights, it is necessary to formulate the comparison matrix. According to the Fuzzy Saaty's scale, an evaluation was performed. The comparison matrix is given in Table 2 . The model proposed in this paper takes all of the previously mentioned criteria and sub-criteria into consideration. The task is to evaluate and sort them according to their level of importance. The purpose of this is to facilitate the process of 3PL service provider selection based on the methodology proposed in this paper.
Application of the Fuzzy AHP Method
Determining the Weights of the Criteria
To determine the criteria weights, it is necessary to formulate the comparison matrix. According to the Fuzzy Saaty's scale, an evaluation was performed. The comparison matrix is given in Table 2 .
After completing this part, we moved on the next step, determining the geometric means of the fuzzy comparison values of each criterion. This was calculated in the following way: Table 3 shows the geometric means of the fuzzy comparison values of all criteria, the relative fuzzy weights, the total and reverse values, as well as the normalized relative weights. Finally, the level of consistency was examined. The results gave a Consistency Ratio (CR) value of 0.09986, which is less than 0.1. This means that the level of consistency was satisfactory. 
Determining the Weights of the Sub-Criteria
After determining the weights of the criteria, we determined the weights of each sub-criterion. To determine the weights of the sub-criteria, the same method was used. With a weight that was previously determined (0.5148), Criterion 1 referred to price, and it did not have its own sub-criteria. The second criterion contained two sub-criteria, the delivery time and the state of delivery. Further, the sub-criteria weights needed to be determined. In Table 4 , the fuzzy assessments (normalized and final weights) of the sub-criteria are given. 
The TOPSIS Methodology for 3PL Selection
The Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS) is a multi-criteria decision analysis tool, which was originally developed by Hwang and Yoon in 1981 and Hwang et al. in 1993 [72, 73] . Alternatives to the TOPSIS method were evaluated based on their distance in relation to the ideal and anti-ideal solutions. The alternative was considered the best if the distance was minimal in relation to the ideal solution and if greatest distance from the anti-ideal solution was the greatest. Figure 3 shows the spatial distribution of alternatives defined by two criteria of the max type. A + and A − , respectively, mark the ideal and anti-ideal solutions.
Sustainability The symbols A1, A2, ..., Am are alternatives from which the best should be selected, while the labels K1, K2, …, Kn are the criteria which impact on the selection procedure. Xij represents the value of the i-th alternative according to the j-th criterion. The marks max/min indicate the types of criteria; that is, certain criteria should be maximized, while others should be minimized. W1 ... Wn denote the weights of the criteria or their significance. The TOPSIS method is based on the following steps [74] . The first step is data normalization, i.e., the reduction of input data to an interval of values 0 to 1. The normalization is done based on the following equation:
where R is a normalized matrix and is normalized data. The next step is the multiplication of normalized data with the normalized weights of the criteria based on the following equation:
whereby ′ is obtained in the following way:
Based on the obtained values from the previous step, the following step is the formulation of the above-mentioned ideal and anti-ideal solutions ( + and − ). + represents the ideal solution, which has all the best characteristics of all the criteria, and − is an anti-ideal solution that has all the worst characteristics of all criteria. These solutions are obtained by Equations (11) and (12):
′ represents a subset of the K set, which consists of criteria of the max type, and ′′ represents a subset of the K set, which consists of criteria of the min type.
In the next step, the Euclidean distance of each alternative from the ideal and anti-ideal solution is determined: The symbols A 1 , A 2 , . . . , A m are alternatives from which the best should be selected, while the labels K 1 , K 2 , . . . , K n are the criteria which impact on the selection procedure. X ij represents the value of the i-th alternative according to the j-th criterion. The marks max/min indicate the types of criteria; that is, certain criteria should be maximized, while others should be minimized. W 1 . . . W n denote the weights of the criteria or their significance. The TOPSIS method is based on the following steps [74] . The first step is data normalization, i.e., the reduction of input data to an interval of values 0 to 1. The normalization is done based on the following equation:
where R is a normalized matrix and r ij is normalized data. The next step is the multiplication of normalized data with the normalized weights of the criteria based on the following equation:
whereby W j is obtained in the following way:
Based on the obtained values from the previous step, the following step is the formulation of the above-mentioned ideal and anti-ideal solutions (A + and A − ). A + represents the ideal solution, which has all the best characteristics of all the criteria, and A − is an anti-ideal solution that has all the worst characteristics of all criteria. These solutions are obtained by Equations (11) and (12):
K represents a subset of the K set, which consists of criteria of the max type, and K represents a subset of the K set, which consists of criteria of the min type.
In the next step, the Euclidean distance of each alternative from the ideal and anti-ideal solution is determined:
(13)
where S + i represents the distance of the i-th alternative from an ideal solution, and S − i represents the distance of the i-th alternative from an anti-ideal solution.
After this step, the relative closeness of the alternative to the ideal solution is obtained based on the formula:
Application of the TOPSIS Methodology for the Selection of a 3PL Service Provider
The TOPSIS methodology is a very reliable tool that can be used to determine the preferences of 3PL service providers. In this paper, this method was used to select an appropriate 3PL service provider. A total of 20 3PL service providers from the territories of the Czech Republic and Poland were compared and evaluated. The best possible solution was the best 3PL preference according to the price, delivery, safety, level of technology, and social responsibility. By comparing the 3PL service provider, as a unit for the price, the euro cent per km was determined. Different logistics providers perform transport services at different prices ranging from 91 to 98 Euro-cents. When it comes to delivery, we took into account the percentage of on-time deliveries. This percentage varied between 88.89 and 99.98%. The remaining three criteria concerning the safety, lev of technology, and social responsibility for 3PL providers were taken into consideration on a scale from 5 to 10, where 10 indicated the maximum grade. The empirical data on 3PL service providers are shown in Table 5 . The next step, followed by the methodology, was the normalization of input data. It was performed by finding the sum by the columns of all the criteria separately and then dividing each element by the sum in the given column. The results of this process are shown in Table 6 .
The results of the previously implemented Fuzzy AHP method, where the importance levels of criteria were determined, were used in the TOPSIS method. Each value obtained by normalization was multiplied with a given weight, and Table 7 shows the weighted decision-making matrix. The final results obtained by the TOPSIS method are shown in Table 8 and Figure 4 . 
Sensitivity Analysis of TOPSIS Methodology
Since the weights of the criteria were determined according to the expert opinion, it was useful to perform a sensitivity analysis of the implemented TOPSIS methodology. This means that we examined how the change in the weight of one criterion affected the final ranking of the alternatives. However, since the sum of all criteria was equal to 1, if the weight of the p-th criteria changed by ∆ p , then the weight of the other criteria changed by ∆ j , where [75] 
The results of testing the criteria "price" are given in Table 9 . The first column gives the level of weight change in price. Then, in the second column, there are new weight values for all five criteria, and finally, the best-ranked 3PL service provider is presented. Table 10 presents the results obtained for the remaining criteria: delivery, safety, technology level and social responsibility.
The results of the sensitivity analysis reveal that the most stable criteria in the proposed model are price, delivery, and safety. On the other hand, relatively smaller changes in weight for the technology level and social responsibility led to changes in the ranking of alternatives. Table 9 . The effect of weight changes for the criterion "price", where ∆ 1 is a change in the weight for the criterion "price" and w i is the weight for each considered criterion. 
The Proposal of a Fuzzy Model for 3PL Service Provider Selection Based on Empirical Data
In this chapter, we describe the development of a fuzzy inference model (FIS) for selecting a third-party logistics provider ( Figure 5 ).
The proposed FIS was designed by using empirical data which were obtained in the previous part of this paper. The considered criteria, price, delivery, safety, technology level, and social responsibility, were taken as input variables. The output variable was a preference for the 3PL provider. The FIS was based on Wang-Mendel's method for determining fuzzy rules. This method combines both linguistic and numerical information into a common framework. The fuzzy rules are essential for designing an FIS and thus for forming a decision-making tool for 3PL selection. There is a possibility to implement the interval type-2 fuzzy sets for the same purpose [76, 77] ; however, in this case, the type 1 fuzzy system achieved satisfactory results. 
In this chapter, we describe the development of a fuzzy inference model (FIS) for selecting a third-party logistics provider ( Figure 5 ). The proposed FIS was designed by using empirical data which were obtained in the previous part of this paper. The considered criteria, price, delivery, safety, technology level, and social responsibility, were taken as input variables. The output variable was a preference for the 3PL provider. The FIS was based on Wang-Mendel's method for determining fuzzy rules. This method combines both linguistic and numerical information into a common framework. The fuzzy rules are essential for designing an FIS and thus for forming a decision-making tool for 3PL selection. There is a possibility to implement the interval type-2 fuzzy sets for the same purpose [76, 77] ; however, in this case, the type 1 fuzzy system achieved satisfactory results.
Input and Output Variables
The first input variable was the price, and we described this variable by three fuzzy sets: low price (LP), medium price (MP), and high price (HP). As for the price, we set the upper and lower limits for all other criteria as well as the average values. This was done by analyzing the empirical data collected by the authors of this paper. We supposed, according to our empirical data, that the price was low if the 3PL service provider provided a transport service at between 83.32 and 94.8 Eurocents per km. The price was classified as medium (MP) if the 3PL service provider requested costs for their transport service of between 91 and 98 Euro-cents per km. The price was considered high (HP) if the transport cost was between 94.8 and 106 Euro-cents per km. In a similar way, all the other variables were defined based on the collected data. The descriptive statistics of the sample are shown in Table 11 . Consequently, all used variables were designed as shown in Figure 6 . 
The first input variable was the price, and we described this variable by three fuzzy sets: low price (LP), medium price (MP), and high price (HP). As for the price, we set the upper and lower limits for all other criteria as well as the average values. This was done by analyzing the empirical data collected by the authors of this paper. We supposed, according to our empirical data, that the price was low if the 3PL service provider provided a transport service at between 83.32 and 94.8 Euro-cents per km. The price was classified as medium (MP) if the 3PL service provider requested costs for their transport service of between 91 and 98 Euro-cents per km. The price was considered high (HP) if the transport cost was between 94.8 and 106 Euro-cents per km. In a similar way, all the other variables were defined based on the collected data. The descriptive statistics of the sample are shown in Table 11 . Consequently, all used variables were designed as shown in Figure 6 . 
Determining the Fuzzy Rules
Next, the authors used a well-known method, which combines both numerical data and expert opinion, for the design of fuzzy rules. We implemented the Wang-Mendel method, which is characterized by five steps [78] :
The first step divides the input and output spaces into fuzzy regions. The second step generates fuzzy rules from given data pairs. The third step assigns a degree to each rule. Since there are usually lots of data pairs, and each data pair generates one rule, it is probable that there will be some rules, so-called conflicting rules, that have the same "if" part but a different "then" part. Based on the calculated degree of each rule, which we obtained by implementing the appropriate programming code, we selected the non-conflict fuzzy rules that form the final rule database. The fourth step creates a combined fuzzy rule database using both the linguistic rules of human experts and the generated rules from data. Finally, the last step determines a mapping based on the combined fuzzy rule base using a de-fuzzifying procedure.
We formulated a set of input-output data pairs: 
where X 1 , X 2 , X 3 , X 4 , and X 5 (X 1 -price, X 2 -delivery, X 3 -safety, X 4 -level of technology, X 5 -social responsibility) are taken as inputs in the FIS. Y represents an output of the system (a preference for 3PL service provider). The numbers in brackets represent the exact 3PL provider. This is a five-input, one-output case. The task is to generate a set of fuzzy rules from the collected input-output data pairs and use these fuzzy rules to determine a mapping (X 1 , X 2 , X 3 , X 4 , X 5 )→Y.
Step 1. Divide the input and output spaces into fuzzy regions. According to the empirical data, we set up the domain intervals of X 1 , X 2 , X 3 , X 4 , X 5 and Y as [
], and [Y − − Y + ], where the "domain interval" of a variable means that most probably the values of this variable will be in the set interval. Each domain interval was divided into 2N + 1 regions. In this case, each variable is defined by three regions. We denoted them by L (low), M (medium), and H (high). A fuzzy membership function was assigned to each region, which was done based on the data shown in Table 11 . Figure 6 represents the domain intervals from x 1 to x 5 respectively, divided into three regions (fuzzy sets), and the domain interval of an output variable y was divided into three regions as well. The shape of each membership function was triangular. Even though the shapes of membership functions may be different, this was not expected to change the results significantly.
Step 2. Generate Fuzzy Rules from Given Data Pairs In this step, we determined the degrees of X 1 (i), X 2 (i), X 3 (i), X 4 (i), X 5 (i) and Y(i) in different regions and chose the regions of the maximum degree. For example, in the case of the 10th 3PL provider, X 1 (10) = 97 cents. This value has a degree equal to 0.3125 in MP and a degree of 0.6875 in HP. The remaining region was not considered, since its degree is equal to zero. The values of the membership degrees for all variables in the case of 10th 3PL provider are presented in Table 12 . This procedure was performed for all remaining 3PL providers from the sample; therefore, we obtained 20 fuzzy rules.
Step 3. Elimination of the same or conflict rules The purpose of this step was to form a fuzzy rule base containing just rules from empirical data that were not in conflict or the same. The conflicting rules had the same IF part, but a different THEN part. To resolve this, we had to calculate the degree of each rule, D(i), according to Equation (18) for the case when a rule is defined as follows: "IF X 1 is A and X 2 is B and X 3 is C and X 4 is D and X 5 is E, THEN Y is F".
D(i) is a degree of the i-th rule, µ A (x 1 ) is a value of the membership function of region A when the input value is x 1 , etc. In a conflict group, only the rule that has the maximum degree may be accepted. In this case, we obtained 16 rules from the empirical data in the final fuzzy rule base, which are shown in Table 13 .
Step 4. Design of the combined fuzzy rule base The final fuzzy rule base should consist of 243 fuzzy rules. Besides the previously-mentioned 16 rules that were obtained based on empirical data, we generated the remaining rules based on expert opinion. In this process, the following logic was implemented: if the price of service was higher, then the preference for selection of observed the 3PL provider was lower; if the delivery value was higher, then the preference was higher; if the safety value was higher, then the preference was higher; if the technology level was higher, then the preference was higher; and if the social responsibility was higher, then the preference was higher. .5214  1  3  2  3  3  2  0.3363  1  3  3  2  1  2  0.3144  2  1  2  1  1  2  0.3438  2  1  2  2  2  2  0.1642  2  2  2  1  1  2  0.4287  2  2  3  1  1  3  0.2678  2  3  2  2  1  2  0.2467  2  3  2  2  2  2  0.4912  2  3  2  3  3  2  0.3412  2  3  3  2  2  3  0.1535  3  2  2  2  1  2  0.7710  3  2  3  2  1  3  0.7387  3  3  1  3  3  1  0.2498  3  3  2  2  1  2  0.1198  3  3  2  2  2  3 Step 5. Determine a mapping based on the combined fuzzy rule base. In this step, the proposed FIS was tested, and the obtained results are given in Table 14 . To compare the results of FIS and preferences obtained by the TOPSIS, the Cumulative Error (CE) was calculated according to Equation (22) [79] :
where CE represents the Cumulative Error in the description of the data, y (i) is the preference calculated by the TOPSIS method, and Pre f erence(i) is the result of the FIS. The value CE may be used to compare the proposed FIS with some other FIS that would be defined based on some different principles. A smaller value of CE indicates a better matching between the empirical data and FIS. A comparison of the results from this research obtained by TOPSIS and FIS is shown in Figure 7 . By analyzing Figure 7 , it is possible to conclude that the proposed FIS gave similar results to TOPSIS; however, there is a possibility for improvement of this FIS structure. This statement is based on the fact that, in this empirical case, the best ranking 3PL service provider was not the same in two proposed decision-making techniques. The explanation for this discrepancy may be found in the third column of Table 14 , where the highest deviation occurred in the case of 3PL-19. Optimization of FIS structure can be done in various ways, and in this paper, the effects of changes in the shapes of membership functions were tested.
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Sensitivity Analysis of the Proposed Fuzzy Model Based on Changes in the Shapes of Membership Functions
In the case of triangular membership functions, the value of CE was equal to 1.9901. This value of CE was further compared with the other FIS structures where the shapes of the membership functions were changed. Additionally, the testing of different FIS structures may be seen as a starting point in the optimization of the FIS structure in the pursuance of achieving the same conclusion about the best 3PL provider as in the case of TOPSIS. The results of the testing can be seen in Table 15 . 
In the case of triangular membership functions, the value of CE was equal to 1.9901. This value of CE was further compared with the other FIS structures where the shapes of the membership functions were changed. Additionally, the testing of different FIS structures may be seen as a starting point in the optimization of the FIS structure in the pursuance of achieving the same conclusion about the best 3PL provider as in the case of TOPSIS. The results of the testing can be seen in Table 15 . The conclusion of the testing procedure related to changing the shape of membership functions was that there is no differences in the best 3PL service provider. This means that some other optimization techniques should be implemented, which may be a future research direction. When it comes to the empirical implementation of the proposed models, in the case of crisp input values, the TOPSIS should be used-while, in the case of imprecise input data, the proposed FIS structure is a convenient choice.
Conclusions
By selecting the most suitable 3PL service provider, a company can greatly save on costs, improve the quality of the business, as well as maintain existing and gain new customers. A decision about the selection of a 3PL provider may be affected by the methodology used as a decision-making tool and the criteria and sub-criteria chosen for evaluation.
In this paper, we propose the use of the TOPSIS and FIS structure as a decision-making tool that can be implemented by companies which need the services offered by 3PL providers as an outsourcing activity. These techniques perform an evaluation on a set of available 3PL providers in the market and then give the result as a preference for choosing each of them.
The FIS is designed based on the empirical data from 20 3PL providers. The first part of the research prepared data for the FIS structure. This means that the Fuzzy AHP approach was implemented to define the evaluation criteria for 3PL service provider selection and the influential relationships between the criteria. Furthermore, the TOPSIS method was used to obtain the preferences for the 3PL service provider selection to give a basis for testing the proposed FIS.
While performing the evaluation of criteria by the Fuzzy AHP method, the following results were obtained: the highest importance was attributed to the price (0.5148), followed by the delivery criterion and safety, using the weights 0.211 and 0.1951, respectively. The level of technology had a weight of 0.047, while the social responsibility participated with a weight of 0.031. The considered criteria and their importance weights were further used in the TOPSIS method, as well as in the final step, to design the FIS. The results of the TOPSIS method, together with the collected data on input variables, were utilized to form a fuzzy rule database by the Wang-Mendel method.
The proposed FIS structure may be implemented in practice, particularly in cases where there are no concrete numerical input data, but rather, they are, partially or completely, given descriptively through linguistic statements. In the case of crisp input values, the implementation of TOPSIS would be sufficient. A direction for future research may be to adjust the proposed FIS further, by optimizing it through minimizing the cumulative error in describing the empirical data and by harmonizing the final decision with TOPSIS. Additionally, testing the proposed methodology on different samples would be of particular interest.
